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I. Introduction
The summer of 2008 saw widespread media coverage of controversial Washington D.C. Schools Chancellor Michelle Rhee and her move to fire roughly 40 school principals in her district. Many of the schools in question were failing to meet the academic proficiency standards of the No Child Left Behind Act, and this change in school leadership was meant to help these struggling schools improve their performance. Not only does this move highlight the value that school districts place on quality leadership within a school, it also demonstrates an underlying belief that principals have an effect on student achievement within their schools.
As managers, principals are responsible for the overall functioning of their school. They direct and supervise the development, delivery, assessment, and improvement of the education of all students in their school. Principals supervise teachers, evaluate their performance, assign them to classrooms, create teaching schedules, and make recommendations to the district about hiring or dismissal (or perform that action themselves). They interact directly with students by monitoring their conduct and by disciplining students who are, for example, frequently truant or disruptive. They also act as liaison between school districts and the school itself, implementing policies passed down by state or district authorities, then communicating feedback on the success of those initiatives. However, despite the importance of these functions in contributing to the educational experience, much of the economics research to this point has focused on teacher quality rather than principal quality.
One of the primary goals of this paper is to measure principal quality by estimating each principal's value added to student achievement with data on North Carolina students between the third and eighth grades. We find that principal value added, estimated with a fixed effect for each principal in a value-added model, has a standard deviation across principals of approximately 3 0.17 in math and 0.12 in reading. Extending the model to allow a principal's effect to include a component that is fixed across schools and a component that varies across principal-school matches, we find that the standard deviation of the fixed component shrinks to 0.04 in math and to 0.02 in reading and that the standard deviation of the match-specific component is 0.07 in math and 0.04 in reading.
Having established that there is significant variation across principals in their value added, our second main goal is to determine why some principals are better than others at adding value to student scores. We tackle this question in two ways. First, we regress our estimated principal fixed effects on a set of indicators for the level and quality of each principal's prior education. The results show that having an advanced degree increases value added in reading and having a non-competitive doctorate degree increases value added in math. Second, we assess the effects of the arrival of a new principal at the school on various school-level variables, the idea being that high value added principals might generate good student academic outcomes because they influence one or more of a variety of related school inputs or outcomes. More specifically, we estimate what happens when the incoming principal's value added is similar to, higher than, or lower than that of the outgoing principal, or whether the incoming principal has no experience at all as a principal in North Carolina. We find that incoming principals with no prior experience reduce the fraction of students who attend school daily, and the fraction of teachers with more than 11 years' experience, and they increase levels of teacher turnover and the percentage of teachers with zero to three years' experience. Other significant results are that replacing the current principal with one of lower value added immediately decreases long-term suspensions.
All of this evidence suggests that a single school looking to improve student academic achievement could simply hire a high-quality principal, or at the very least avoid low-quality principals or those who have no prior experience as a principal. It is unclear, however, what effect this would have on student achievement on a broader scale, since a high-quality principal who moves to a new school necessarily is replaced by an existing or new principal who may not be of similar quality, which could lead to a fall in achievement in the old school. Thus, the potential benefits of reallocating principals between schools are best seen as equalizing the distribution of achievement rather than as a tide that lifts all boats.
II. Existing Literature on the Effect of Principals
Compared to the large, well-established literature on teacher quality, there exists a relatively small quantitative literature on principals. 1 Recent evidence finds that • principals who dedicate more time to organizational management lead schools with higher state-assigned grades (Horng, Klasik, and Loeb 2009 );
• experienced principals import their policies and practices from one school to another (Cannon, Figlio, and Sass 2012) ;
• self-assessment of principals' organizational management skills predicts growth in stateassigned school grades (Grissom and Loeb, forthcoming) ; and
• principals are motivated by the opportunity to change schools (Cullen and Mazzeo 2007) .
In addition, there is a small literature on principal turnover and mobility. Beteille, Kalogrides, and Loeb (2012) find that turnover is detrimental to school performance, whereas Miller (2013) finds that, in North Carolina, turnover does not have a large effect on school 1 See Hanushek (2006) for a review of the teacher quality literature, and Hallinger and Heck (1998) for a review of the qualitative principal literature. 5 performance, but it does decrease teacher retention. 2 Li (2011) , using a small sample of principals from the same state, finds that incentives created by No Child Left Behind decrease average principal quality at schools serving disadvantaged students.
A small and more recent literature exists using student achievement data to try to directly measure the value-added of school principals in a variety of ways. Dhuey and Smith (2013) estimate fixed effects for principals in the Canadian province of British Columbia and find substantial variation among principals in value added in both math and reading. They estimate that a one standard deviation improvement in principal quality can boost student performance between grade four and seven by 0.289 -0.408 standard deviations in reading in math. The current manuscript expands on this working paper in many ways. Most importantly, in this paper we are able to calculate a yearly value-added measure versus a value-added measure of the grade seven principal from test score gains from grade four to grade seven. We are also able to extend the basic model to allow for "match effects," where part of the principal effect is portable across schools and part depends on the school where they work. We then are also able to relate the fixed 2 While our analysis and that of Miller (2013) use a similar sample of data drawn from the same source, our analyses are fundamentally very different. Our manuscript focuses first on estimating principal value added, and subsequently on determining what makes higher value added principals better at raising student achievement. Miller (2013) focuses on the dynamics of student achievement surrounding principal transitions, and explanations for this phenomenon.
Like Miller (2013) , the second part of our analysis examines school outcomes following principal transitions, but the underlying goal is different. We examine transitions to differentiate the effects on school outcomes of principals of different quality, whereas Miller (2013) estimates the overall effect of changing the principal. 6 characteristics of principals -such as education level and quality of educational institution -to quality. Finally, we can calculate how new principals of differing quality change aspects of the educational process after they enter a school. Grissom, Kalogrides, and Loeb (2012) calculate a few variations of principal-value-added models being proposed by various state and districts to be used to link to principal value-added to merit pay. They compare and contrast the results to each other and to non-test-based assessments of principal quality. They find that, among the models they estimate, that models that attribute all the school effect to the principal are most highly correlated with non-test-based measures of principal quality. 3 Most importantly, in contrast, our model, which Grissom, Kalogrides, and Loeb do not estimate, disentangles principal effects from school fixed effects, which is important because it is necessary to disentangle the effect of the school quality from principal quality. Coelli and Green (2012) estimate the lower bound of the variance of principal effects on graduation probabilities and grade 12 provincial final exam scores in British Columbia. In particular, they find that getting a principal who is one standard deviation better will increase graduation rates and English exam scores by approximately 2.5 percentage points. In addition, a recent working paper by Branch, Hanushek, and Rivkin (2012) use data from Texas to estimate the importance of principals on student math and reading test score gains in two ways. First, they estimate principal-by-school fixed effects using a model that related student achievement as a function of prior achievement as well as student and school characteristics. They find that the 3 Chiang, Lipscomb, and Gill (2012) also examine using school fixed effects to predict principal quality and find that school value-added data do not provide information useful for evaluating principals. 7 overall standard deviation of the principal effectiveness is 0.207. The also include a model with school fixed-effects in which they identify principal effectiveness based on within-school achievement differences and find that with this selected sample the standard deviation decreases.
Second, they directly estimate a lower bound variance using a method similar to Coelli and Green (2012). 4 Our empirical strategy is similar to the previous literature only in the sense that we are using student-level administrative achievement data to calculate a value-added model of principal effectiveness. Overall, our paper contains many novel contributions. First, and most importantly, we separate the independent influences of principals and school from each other. This is a vital contribution to this literature as fixed characteristics of schools can affect principal sorting across schools and can also affect student value added in ways that are not influenced by principals. Therefore, without controlling for school fixed effects, estimates of principal value added cannot be disentangled from sorting and unobserved factors. In addition, we extend the model to allow principal value added to depend on the match with the school. All previous analysis thus far provides estimates of principal effects that are fixed across schools. It is entirely plausible, however, that a principal's effectiveness varies from one school to another. Therefore, it is important to estimate the influence these match effects have on principal fixed effects.
Finally, with estimates of principal value added in hand, we explain what drives differences across principals in this measure. To do so, we first estimate the relationship between principal 4 In a working paper, Clark, Martorell, and Rockoff (2009) use data from New York City to estimate how the characteristics of principals are correlated to school performance and other measures. Similarly to this paper, they find little evidence that there is a strong relationship between principal education levels and school performance. 8 fixed effects and their prior education. Second, by observing what happens after schools change principals, we examine whether principal value added is driven by a principal's ability to influence non-test-score related factors at the school level.
III. Principals in North Carolina
Many of the guidelines and procedures regarding principals in the North Carolina are governed by the North Carolina General Statutes, Chapter 115C Article 19. These laws provide rules regarding the hiring and firing of principals and lists the requirements for an individual to qualify as a school administrator, which includes passing an exam adopted by the State Board along with having a graduate degree or equivalent.
In North Carolina, to be hired, a principal must be appointed by the school district's board of education based on the recommendation of the district's superintendent. Vacancies typically are posted on a statewide system, and candidates are screened by an interview team of district administrators, teachers, staff, and parents, which then recommends finalists to the superintendent (Miller 2013) . Initial employment contracts are for two to four years and may be renewed for four-year intervals after the end of the first contract. Once hired, principals are evaluated annually by either the superintendent or the superintendent's designee. After three years, principals are eligible for status as career administrators, which protects them from being dismissed without cause. Principals who previously had been teachers retain that career status if they are not offered a new contract. Salaries are set by a statewide schedule that is a function of experience, education, and school size; school districts may provide additional salary, which usually accounts for approximately 10 percent of total pay (Li 2011) .
Under North Carolina statutes, principals possess twelve powers and duties: (1) grading and classifying pupils; (2) making accurate reports to the superintendent and the local board; (3) improving instruction and community spirit; (4) conducting fire drills; (5) disciplining students;
(6) protecting school property; (7) reporting certain acts to law enforcement and the superintendent; (8) making available school budgets and school improvement plans; (9) evaluating licensed employees and developing mandatory improvement plans; (10) transferring student records; (11) signing driving eligibility certifications; and (12) establishing school improvement teams. 5
IV. Empirical Specifications

A. Estimating Principal Effects
To estimate the principal effects, we use the following value-added model of students' test scores:
,
(
where is the math or reading score for student i at time t; is the student's one-year lagged math or reading score; is a vector of student-level demographic characteristics; is a vector of school-level demographic characteristics for the school that student i attends at time t;
is a vector of principal-level, time-changing characteristics for student i's principal at time 5 While principals possess the power of evaluating teachers, the superintendent or the board of directors (for regional schools) have the power to employ and contract with teachers along with the duty to maintain personnel files and participate in the firing and demoting.
t;
, , and are time-invariant principal, school, and year effects; and is an idiosyncratic error term. 6 We treat principal effects as parameters and estimate them using ordinary least squares (OLS) in a fixed-effects model. Our preferred model includes school fixed effects because without them, estimated principal effects will conflate differences between principals and differences between schools. Since the fixed characteristics of schools might affect principal sorting or affect student value added in ways that are not influenced by principals, they should be controlled for to estimate a principal effect unaffected by sorting and unobserved factors.
There is one key practical difficulty that arises when estimating principal effects and school effects jointly via OLS. Principals and schools become grouped with one another through principals' employment at a common set of schools as they move between schools over time. 7 A model containing a fixed effect for all principals and all schools is overparameterized because there are collinearities between principal and school dummies within these groups. More specifically, the sum of the principal dummies equals the sum of the school dummies inside each group. This is a slightly more complicated version of the typical dummy variable trap. 6 The value added estimates provided in this paper are conditional on the effect of the school principal on initial test scores in grade 3. A high quality elementary school principal may raise grade 3 test scores but then produce smaller value added gains from grade 4 through 8. This principal could be identified as below average in these estimates but may be raising achievement throughout elementary school by more than other principals identified as above average.
Restrictions are therefore necessary to identify principal effects. We follow Mihaly et. al. (2010) and restrict the mean of the principal effects within each group to equal zero. With this restriction, the principal effects are interpreted as deviations from the mean principal in the group. 8 Occasionally a connected group consists of one school and one principal, in which case we cannot identify that principal's effect. Fortunately, out of 4,415 total principals we can identify fixed effects for 4,289 (97 percent).
Because it would be impractical to report all of the individual principal effects, in the tables below we report several summary measures of the empirical distribution of the principal effects, including the standard deviation, various percentiles, and the difference between the 75 th percentile and the median. Our main focus is on the standard deviation. It is possible, however, that our estimates of the standard deviation of the principal effects are upwardly biased due to sampling error -even in the absence of any real principal effect, we still might observe variations in the estimated effect due to random differences between samples of students. Such sampling variation is a problem particularly when a principal fixed effect is based on a small number of students, but as we estimate our principal effects over very large groups of students, sampling error plays a very minor role. Nevertheless, to correct for it, we first estimate the variance of the sampling error using the square of the average of the standard errors of the principal fixed effects, and subtract this estimate from the variance of the principal effects. As in Jacob and Lefgren (2005) and Aaronson, Barrow, and Sander (2007), if the true principal effect is distributed as ~(0, 2 ), then conditional on observing a "noisy" estimate of the principal 8 Another option is to simply drop one principal within each group. This is not appropriate in our case because principal effects would then be interpreted as deviations from the left out principal, which depends on which principal is left out. effect, ̂= + , and assuming that and the error are independent, we compute the variance of the true principal effect as 2 = � 2 − 2 , where 2 is estimated by taking the average of the square of the standard errors of the principal fixed effects. We also check the robustness of our methods to others in the literature. 9
B. What Drives Principal Value Added?
B.1 Principal Value Added and Education Level
As a first step toward determining why some principals have higher value added than others, we relate our estimated fixed effects to the level and quality of principals' education. We estimate the following specification by OLS:
The education variables, 
B.2 Principal Value Added and School Level Inputs and Outcomes
We also measure the effect on various school inputs and outcomes of a change in principals. We estimate specifications of the following form:
The independent variables of interest are a set of four dummies indicating the type of principal change a school experiences. The variable equals 1 when the school receives a new principal who has higher value-added than the departing principal. Similarly, equals 1 when the incoming principal's value added is lower than that of the outgoing principal, and equals 1 when the value added by both the incoming and outgoing principals is similar.
Finally, equals 1 when the incoming principal is not previously observed in the data.
Differences in value added between the incoming and outgoing principals are assigned to rise, fall, or stay the same based on terciles of the difference in principal value added from an Empirical Bayes shrinkage estimate among all principal switches in year t. 11
10 The indicator equals 1 if the school received a competitive or higher ranking and 0 otherwise. 11 The Empirical Bayes shrinkage estimate ̂ * of the principal effect would shrink our existing estimates based on a signal to total variance ratio:
Prior to estimating equation (3), we estimate the value added of principals with equation
(1), using the previous five years of data up to year t-1. For example, if school A changes principals in 2004, we measure the difference in value added between the incoming and outgoing principals using data from 1998 to 2003 for both principals. 12 This method excludes current and future test-score data in creating the value-added measure to avoid introducing simultaneity between school outcomes and the indicator variables on the right-hand side of the equation. As controls in equation (3), we include a set of school-level variables ( ′ ) and school fixed effects ( ) to account for other factors that might be correlated with the movement of principals and school outcomes. In robustness checks, we also estimate specifications with school-specific linear time trends to account for any changes over time in outcomes that might be specific to a school.
With these regressions, we can estimate whether schools that change principals have different outcomes than schools that do not, and whether such differences in outcomes vary with principal quality, as measured by previously determined test-based value-added measures. Our school outcomes contain mainly non-test-score-based variables, so in many of our regressions we estimate whether increases or decreases in the ability of the principal to produce test-score
where the variances are defined in footnote 4. If our estimate ̂c ontains mostly noise, then the estimates shrink toward zero. We compute the shrinkage estimate by using our estimates of 2 and described previously. 12 We need to use a constant prior time period so that the principal effects are comparable across time. gains can affect other school inputs and outcomes. As the specification is written above, the coefficients on the dummies measure the immediate effect of a change of principal during the first year. We also estimate regressions with dummies that allow the effect to occur in the two additional years following the year the principal changed. This allows the effect of principal switches to occur more gradually over time.
As school inputs and outcomes, we use the following measures: 13
• the percentage of Adequate Yearly Progress (AYP) targets met;
• the number of crimes per one hundred students;
• the number of long-term suspensions;
• the percentage of students who attend daily;
• the percentage of teachers with advanced degrees in t+1;
• the teacher turnover rate between t and t+1;
• the percentage of licensed teachers in the school in t+1;
• the percentage of National Board Certified teachers in the school in t+1;
• the percentage of classes with highly qualified teachers;
• the percentage of teachers in the school with between zero and three years' experience in t+1;
• the percentage of teachers with between four and ten years' experience in t+1; and
• the percentage of teachers with eleven or more years of experience in t+1.
V. Data and Analysis Sample
A. Data Sources
The primary data for our analysis come from administrative records of the North Carolina Department of Public Instruction, maintained and distributed by the North Carolina Education
Research Data Center, for all public schools in the state for the 1998/99-2009/10 school years.
The data include a multitude of information on students, teachers, schools, districts, classrooms, and, most important for this research, principals. Moreover, the data include identifiers for principals, teachers, and students that permit us to establish statewide linkages over time. We supplemented this information with data from the 2000 and 2010 censuses, identified by the zip code of each school. 14
B. Regression Sample
Because we use the value-added model in test scores to estimate principal quality, we restrict our focus to students with valid math or reading scores in year t and valid math or reading scores in
year t-1. In the 1996/97 school year, North Carolina passed the ABCs of Public Education, accountability legislation requiring all students in grades three through eight to write standardized tests in math and reading at the end of each school year; we use these standardized tests as our reading and math scores. We observed 5,407,020 student-years between grades four and eight between the 1998/99 and 2009/10 school years with valid test scores in both year t and
year t-1. We dropped 9,724 observations of students who attended schools with fewer than ten 14 The process for attaching the census data to school records is described in detail in a data appendix available from the authors upon request.
students, 491 observations of students who were too far ahead or behind in school for their age, and 8,262 observations we were unable to link to a particular school. Our final analysis sample thus consists of 5,388,543 student-year observations. 15 Table 1 presents summary statistics of test scores and student demographics based on the analysis sample. The math and reading test scores for grades three through eight are standardized to have a mean of zero and standard deviation of 1 for each grade and year. The means of these test scores are slightly positive in our analysis sample, which indicates that the students who were excluded from the sample scored marginally worse than those who were included. About 29 percent of the sample is black, 5 percent Hispanic, and another 5 percent "other race." In addition, about 9 percent of the sample is in special education, 14 percent are gifted, and approximately 6 percent is learning disabled in either math or reading. showing that there was considerable turnover of principals among North Carolina's schools, 15 The results are similar if we drop middle/junior high schools from the analysis. 16 Title I eligible schools are schools in which at least 40 percent of the enrollment of the school come from low-income families.
C. Descriptive Statistics
18 which helped us to identify the fixed effects of principals. About 14 percent were in their first
year of employment as a principal, and 62 percent had been a principal for four or more years;
their average monthly state salary was roughly US$6,000. About 28 percent had an advanced degree -generally a graduate degree that has no effect on salary and that staff are not required to report -and 9 percent had a doctorate. We also included a measure of competitiveness of the principal's undergraduate and graduate institutions. Following the literature on teacher quality, we assigned each principal's institution a competitive ranking based on information from
Barron's Profiles of American Colleges, 25th ed.; 16 percent of principals obtained their bachelor's degree from a "competitive" school, but only 2 to 4 percent received advanced degrees or doctorates from a "competitive" school.
D. Principal Mobility
Because our estimates of principals' value added from equation (1) rely on mobility when school effects are included in the model, it is informative to examine how principals moved between schools. Table 3 describes The identifying assumption in our main estimation strategy for the effects of principals is that mobility is exogenous, conditional on all the control variables in our model. If principals prefer schools with particular fixed attributes, this does not affect the causal interpretation in our model with school fixed effects or in our model without school fixed effects if we control for those fixed factors. However, our estimates of the effects of principals might be biased if timevarying characteristics of a school or community relate to principal mobility and student achievement; 17 we therefore control for a large variety of such characteristics in our analysis (see Tables 1 and 2) .
To examine this issue in detail, we empirically evaluated the determinants of principal mobility; the results are shown in Table 4 . We included all schools in our sample and regressed an indicator for a principal move between t and t+1 on school, principal, and community characteristics at time t (and, in some specifications, t-1). In columns 1-6 of Table 4 , the dependent variable equals 1 only if the principal moves from one school to another in the sample; in columns 7-12, the indicator equals 1 for any move, including switches to schools out of the sample or exits from the sample. We report estimates for a variety of different test-score measures, including average school-level math and reading scores, lag-average-school-level scores, average gain scores in math and reading, lag-average-gain scores, the year-to-year 17 For example, if school districts chose not to renew contracts of principals who performed poorly on current or lagged test scores due to random fluctuations or one-time shocks to student performance, and if these test scores were mean-reverting, we mistakenly might attribute an improvement in scores to a new principal when in fact it was just mean reversion. 20 difference in level scores for each school, and the difference in school-average gains between years t and t-1. None of these coefficients is statistically significant. We repeat the same exercise in columns 7-12 using all principal switches, where we find some evidence of principal turnover based on math test scores. 18 We report the coefficients for the other variables in each specification in Appendix Table A-1. There is some evidence that the fraction in special education and the number of students in a school are related to mobility in the school-to-school movers, 19 while the number of Title 1 eligible schools and the fraction of black individuals in a community are related in the all-movers regression. The main significant predictor of mobility in all specifications, however, is the principal's tenure in a school: the longer the tenure in a school, the more likely the principal is to move. Therefore, we cannot be certain that mobility is unrelated to unobservable factors that change during our time period, but these results provide some evidence that very few observable factors are related to mobility. 20 18 All scores are measured in student-level standard deviations. Note that one student-level standard deviation is roughly equal to two school-level standard deviations. We have run all our analysis on the subsample of principals that only switch from school to school and all the results are similar. 19 Number of students in a school is related to mobility because principal salaries are based partly on the size of the school and therefore principals have an incentive to move to larger schools. 20 In the context of teacher effects, Rothstein (2010) examines variation across current teachers in lagged test score gains as a test for non-random sorting within schools. Because it focuses on detecting within-school sorting across teachers, it is not appropriate to conduct this test in the context of principal effects. In particular, we suspect that a main reason why some principals are more effective than others is because they are better at allocating students to classrooms. Note Table 5 reports standard deviations for the estimated value added of principals from equation (1).
VI. Results
A. Variation in Principal Quality
In math, the standard deviation is 0.132 without school fixed effects and 0.183 when school effects are included. 21 The standard deviation rises after including school fixed effects because the principal and school effects are negatively correlated, which is to say that high value added principals tend to be in low value added schools. 22 An explanation for this phenomenon is also that our results are in line with Miller (2013) who finds that principal turnover in North
Carolina does not have a large effect on school performance. However, Miller (2013) does find a drop in test scores preceding a principal departure using a subsample of our data, whereas our analysis does not support this conclusion. 21 We include dummies for principal tenure in our regressions. An incorrect specification of tenure effects could introduce error. Therefore, we have run the analysis without tenure controls and find similar estimates. These estimates are available from the authors upon request. We have also run the analysis with experience controls and find similar estimates. These estimates are also available from the authors upon request. 22 To show this, we follow Dhuey and Smith (2013) . Suppose we run an OLS regression of test scores on only principal effects, and obtain =̂+ . Aggregating to the principal level, we get � =̂ because the OLS residual sums to zero for each principal. Now suppose we include school effects in the regression and get =̂ * + + * . Aggregating to the principal level, we get � =̂ * + � � again because the residual sums to zero for each principal. Combining the two equations, we get ̂=̂ * + � � . The variance is (̂) = (̂ * ) + ( � � ) + compensatory matching, where higher quality principals are purposefully assigned to less effective schools in order to improve school performance. A similar negative correlation is found in other principal value added studies using data from British Columbia, Canada (Dhuey and Smith, 2013) and Pennsylvania (Chiang, Lipscomb and Gill, 2012) . Adjusting for sampling error reduces both estimates, but by very little, reflecting the large number of students each principal influences. There is less variation in value added in reading, where the standard deviation is 0.101 without school effects and 0.136 with school effects. 23 It is vital to control for school fixed 2 (̂ * , � � ). We can use this to show that
⁄ , which will occur if the principal and school effects are negatively correlated. 23 We performed various robustness checks and we report the results for the school fixed effects specification here. First, we computed the adjusted standard deviation using each principal's total number of students as weights (Rothstein 2010) , which returned a standard deviation of 0.158 in math and 0.113 in reading. Second, we assume that the underlying true principal effects are Normally distributed, and estimate their variance using Maximum Likelihood (Rockoff 2004) , yielding a standard deviation is 0.160 in math and in 0.096 in reading. When we run the analysis from Table 5 using only principals who switched schools, the standard deviation of the principal fixed effects is 0.195 in math and 0.141 in reading (adjusted standard deviations are 0.181 and 0.117). We also ran regressions with a set of teacher control variables for each students, including education, experience, licensing, certification, race, and gender. To ensure the correct teacher characteristics were matched with the student, we used a subsample of grade 4-5 students. The standard deviation across the 3212 principals for this subsample when teacher variables are excluded is 0.175 in math and 0.113 in reading (0.163 and 0.091 adjusted), and effects when calculating principals' value added because we need to disentangle the effect of individual principals from the fixed characteristics of the schools they lead -if principals sort into schools based on the schools' fixed characteristics, our estimates of the fixed effect of principals without school fixed effects will be biased.
Our analysis thus far provides estimates of principal effects that are fixed across schools (and time). It is entirely plausible, however, that a principal's effectiveness varies from one school to another. These "match effects" might arise if a principal's effect on student achievement depends on things like interactions with the existing teaching staff, the demographic composition of the student body, the principal's own location preference, or any other complementarity between the principal and school.
We use Woodcock's (2011) methods for estimating match effects alongside principal and school effects. The estimator is a hybrid random-effects estimator that first nets out the effect of observables from the dependent variable using the usual fixed-effects assumptions, then estimates the variances of the principal, school, and match effects, treating them as random effects. The estimator first estimates the parameters on the observables (i.e. everything except the principal, school, and match effects) by OLS, using principal-by-school fixed effects. These estimated parameters are then used in a restricted maximum likelihood framework to estimate the variance of the principal, school, and match effects. The estimated variances are then used to predict the fixed effects. Jackson (forthcoming) uses a similar estimation strategy to examine teacher matches. Because identifying match effects separately from principal and school effects demands a lot of the data, and because both estimation methods have potential downsides, we when they are included the standard deviations are 0.174 in math and 0.111 in reading (0.162 and 0.088 adjusted).
present match-effect estimates for descriptive purposes only, and do not use them for further analysis. 24 We find that the standard deviation of the principal effect from Table 5 shrinks to onefifth its size in math and to just above one-tenth its size in reading when match-effects are included in the analysis. The match-effect standard deviation is 0.073 in math and 0.043 in reading. Based on these estimates, much of the principal effect we observe might be related to the match between principal and school, rather than an effect that principals can carry from one school to another. If this is indeed the case, then good policy should take match effects into account when allocating principals to schools.
Given the substantial variation in principals' ability to influence student test-score gains in math and reading, it is natural to ask why some principals are better than others at generating gains. As a first step toward answering this question, we take the estimates of the principal effects and regress them on a set of variables that measures principals' education level and quality, with one observation per principal. Table 7 presents the results of this exercise. Having a doctorate from a non-competitive institution has a small positive effect on the principal's value added in math, and having an advanced degree from either a competitive or non-competitive institution has a positive influence on the principal's value added in reading.
To summarize, we find considerable variation in principal value added in both reading and math in North Carolina. Although our main estimates attribute these differences entirely to principals' fixed attributes, our match-effect estimates suggest that at least part of the principal's effect depends on the match with the school. In looking at what makes some principals better 24 The hybrid random-effects estimator of the variances assumes orthogonality between the three effects and the error term, which may not be justified.
25
able to improve student test scores than others, we find that a principal's education plays a small role, particularly with respect to reading.
B. Changes of Principal and School Inputs and Outcomes
What effect does a change in principal have on school inputs and outcomes? In this section, we present results of regressions of various outcomes for schools that changed principals, depending on the incoming principal's value added relative to that of the outgoing principal and whether or not the incoming principal was appearing in the data for the first time. 25 For these regressions, we based differences in value added on the average of each principal's value added in math and reading. The goal was to estimate what happens the year (or a few years after) a school receives a new principal. To do so, we tested whether the principal's contribution to improving math and reading scores translated into improvements in other inputs or outcomes. Conversely, we also tested whether an incoming principal with lower value added led these outcomes to fall. Finally, we tested whether the principal's value added to test scores was related to changes in such school inputs as the complement of teachers.
We are interested in the effect of principal changes on a variety of school-level inputs and outcomes. These are related to the actions or policies of a principal that might have an indirect effect on future student performance, and should therefore give some perspective on how principals of varying value added affect student outcomes. We examined the school's percentage of AYP (as defined by the No Child Left Behind Act) targets met, measures of student disruption 25 Although we cannot be sure that all principals we observed for the first time in the data were brand-new principals (since they might have worked as a principal in another state or at a private school), we interpret them as such.
26 such as crime and suspensions, average daily attendance, and several measures related to teachers, such as turnover, licensing, education, and experience. These measures allow us to paint a fairly broad picture of the types of inputs and outcomes principals influence when they switch school.
The coefficients in Table 8 , panel A, measure the immediate effect in year t of a principal change on our package of outcomes. 26 We find that replacing the current principal with one whose value added is lower decreases the fraction of long-term suspensions, which might indicate that such a principal is less able to handle school disruptions; however, it could also reflect a lessening of disruption in the school overall. Replacing the current principal with one whose value added is higher decreases the percentage of National Board Certified teachers and increases the fraction of new teachers. Again, this finding has policy implications. Both Clotfelter et al (2007) and Goldhaber and Anthony (2007) suggest that teachers who select into receiving such certification are overall better teachers but that the certification does not improve their quality, as measured by test-score gains. Moreover, such teachers are more expensive: in North Carolina, they receive an increase of 12 percent of their base pay upon certification. We also find that replacing the current principal with one not seen before in the data moderately increases the teacher turnover rate. In a forthcoming paper, Ronfeldt, Loeb, and Wykoff find that students who experience a higher turnover of teachers have lower scores in both English language arts and math, and that teacher turnover has a disruptive effect separate from its possibly changing the distribution of teachers' quality in a school. 26 We reestimate these coefficients with school-specific linear time trends, and report the results in Appendix Table A-2. 27 Table 8 , panel B, presents the cumulative effect over three years of a change of principals therefore the coefficient thus measures the cumulative effect in years t to t+2 of changing the principal at the beginning of year t. The coefficients are much the same as in panel A, with a couple of notable exceptions. If the new principal has no experience, within three years there is a decrease in the percentage of daily attendance, an increase in teachers with little experience, a decline in teachers with 11 or more years of experience, and a decline in AYP targets met. In addition, we also continue to find an increase in teacher turnover rate.
As Table 8 shows, new principals do not have a particularly significant effect on schools'
non-test-score inputs and outcomes, but some of the results are interesting. The relationship between the characteristics of teachers and principals new to the sample suggests that having a brand-new principal might detrimental to students over the first three years of the principal's tenure. At the same time, with the absence of any relationship between many measures of teachers and student discipline and principals' value added, the only clear picture that emerges is that the inputs and outcomes we examined do not explain fully how good principals improve students' test scores.
VII. Conclusion
Principals have a large effect on students' math and reading test scores, and much of the effect is likely related to the match between the principal and the school; a principal's education also plays a small role in improving students' scores. Principals with high valued added increase test scores, those with low value added or who are new reduce scores. Despite examining a variety of school inputs and outcomes, however, we could find only part of the puzzle in which to help us disentangle the contributions that high-and low-value-added principals make to their schools and students. Regardless, these results have important implications for policy. In particular, it is possible that using available test-score data, policymakers could identify the most effective principals and allocate them among schools to reduce gaps in achievement. However, policymakers need to be very careful in calculating these measures as it is important to separately identify the principal from the school fixed effect. As seen in this manuscript, this requires a long span of high quality longitudinal data along with exogenous principal mobility after controlling for observable characteristics of the students, schools, and neighborhoods.
These are large and probably unattainable requirements for many states and school districts.
Finally, more work needs to be undertaken to continue to uncover what makes a good principal good. Notes: Test scores are standarized to have a mean of zero and standard deviation of 1 in the population of test takers within a subject, grade, and year, prior to sample exclusions. Other race includes all races except the three listed in the table. Table 3  Mobility of principals  Year  1998  1999  2000  2001  2002  2003  2004  2005  2006  2007  2008  2009 Total employed 1, 560 1,583 1,617 1,634 1,649 1,674 1,699 1,706 1,736 1,750 1,758 1 18,277 16,295 18,277 16,295 16,295 16,295 18,277 16,295 18,277 16,295 16,295 16,295 All switches
Regression of principal turnover on school test scores School to school switch Notes: ***p<0.01; **p<0.05; *p<0.1. Dependent variable is an indicator of either a school-to-school switch or any switch out of a school between t and t +1. All regressions include year and school fixed effects. Average school-level scores are the means of the levels of all student scores in all grades in a school in a particular year. Average school-gain scores average student-level gains between t and t -1 for grades 4 to 8 in a school in a year. Lag-average level and gain scores are the school scores from t -1.The difference in levels is the school's year t score minus its year t -1 score in a particular subject. All scores are measured in student-level standard deviations; one student-level standard deviation is roughly equal to two school-level standard deviations. Standard errors are clustered by school. Estimates of match effects Relationship between principal quality and education Notes: ***p<0.01; **p<0.05; *p<0.1. Education variables are indicator variables equal to 1 if the principal ever had the particular degree. Standard errors are robust to heteroskedasticity. 0.001 0.001 0.001 0.001 0.001 0.001 0.000 0.000 0.000 0.000 0.000 0.000 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) Magnet school -0.01 -0.007 -0.01 -0.006 -0.005 -0.005 0.015 0.037 0.009 0.033 0.032 0.032 (0.015) (0.017) (0.015) (0.017) (0.017) (0.017) (0.022) (0.023) (0.022) (0.023) (0.023) (0.023) Number of students in school 0.000* 0.000* 0.000* 0.000* 0.000* 0.000* 0.000*** 0.000*** 0.000*** 0.000*** 0.000*** 0.000*** (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) Pupil/teacher ratio -0.001 -0.001 -0.001 -0.001 -0.001 -0.001 -0.003* -0.003* -0.003* -0.003 -0.003 -0.003 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.002) (0.001) (0.002) (0.002) (0.002) 2 years of tenure 0.043*** 0.047*** 0.043*** 0.047*** 0.047*** 0.047*** 0.102*** 0.106*** 0.102*** 0.106*** 0.106*** 0.106*** (0.006) (0.006) (0.006) (0.006) (0.006) (0.006) (0.009) (0.010) (0.009) (0.010) (0.010) (0.010) 3 years of tenure 0.073*** 0.084*** 0.073*** 0.084*** 0.084*** 0.084*** 0.164*** 0.180*** 0.162*** 0.180*** 0.179*** 0.179*** (0.007) (0.007) (0.007) (0.007) (0.007) (0.007) (0.010) (0.011) (0.010) (0.011) (0.011) (0.011) 4 years or more of tenure 0.093*** 0.105*** 0.093*** 0.106*** 0.106*** 0.106*** 0.279*** 0.300*** 0.277*** 0.298*** 0.298*** 0.297*** School to school switch All switches
Regression of principal turnover on school and neighborhood characteristics, Table 4 continued (0.006) (0.006) (0.006) (0.006) (0.006) (0.006) (0.008) (0.009) (0.008) (0.009) (0.009) (0.009) Fraction male in community 0.397 0.206 0.393 0.205 0.217 0.208 0.079 -0.521 0.064 -0.566 -0.576 -0.619 (0.574) (0.628) (0.574) (0.628) (0.628) (0.627) (0.968) (1.106) (0.976) (1.111) (1.112) ( 18,277 16,295 18,277 16,295 16,295 16,295 18,277 16,295 18,277 16,295 16,295 16,295 Notes: ***p<0.01; **p<0.05; *p<0.1. The dependent variable is an indicator for either a school-to-school switch or any switch out of a school between t and t +1. All regressions include year and school fixed effects. Average school-level scores average the levels of all student scores in all grades in a school in a particular year. Columns correspond to regressions in Table 4 . Standard errors are clustered by school.
Appendix Notes: ***p<0.01; **p<0.05; *p<0.1. In panel A, the reported coefficients are based on indicators that are equal to 1 in the year of the principal switch. In panel B, indicators are equal to 1 in the year of the switch and subsequent two years following a principal change. If a school changes principals twice within two years, indicators are recoded to reflect the most current principal change. All regressions use the average of math and reading value added for each principal. Regressions include school effects and school-specific linear time trends. Standard errors are clustered at the school level.
Effect of new principals on school-level inputs and outcomes with linear time trends
